Background Evolutionary adaptation is a process where a population increases its "fit" to the world it inhabits, and is often likened to climbing a hill or peak. While this process is trivial for fitness landscapes where each mutation provides an advantage (or disadvantage) to the organism that is independent of the fitness effect of a mutation on a different locus, the interaction between mutations (epistasis) is crucial in complex and realistic fitness landscapes.
Introduction
Evolutionary adaptation is a process whereby a population adapts to the environment to increase its "fit", via the accumulation of mutations that increase the chance for long-term success of the lineage. The standard picture for this process is Fisher's geometric model of evolution by small steps (the accumulation of many mutations with small benefit) [1], however evidence supporting this concept is scarce [2] , and many open questions remain [3] . Fisher argued that adaptation should proceed via many small steps because mutations with small effect are more abundant than those with large effects, and indeed the size distribution of beneficial mutations that are substituted has been shown to be exponential [2, 4, 5] in computational, analytical, and experimental studies, implying that most mutations have small effects but that a few with large effect do contribute to adaptation. However, little is known about whether this conclusion still holds in complex fitness landscapes where epistasis, that is, an interaction of mutations so that the effect of one depends on the effect of the other, is the norm. There is increasing evidence that adaptation does not proceed via the accumulation of only beneficial (and neutral) mutations at all, but that deleterious mutations play an important role as stepping stones of adaptive evolution that allow a population to traverse fitness valleys [6] [7] [8] [9] [10] , and a recent study using bacteria found that when the fitness of the wild-type is low, the distribution of fitness effects is no longer exponential [11] .
Even though the potential of interacting mutations in adaptive evolution has been pointed out early on [12] , their importance in shaping adaptive paths through a fitness landscape has only recently come to the forefront [13] [14] [15] [16] , and is still a topic of much discussion [17] [18] [19] [20] . The impact of the sign and the magnitude of epistasis, and its dependence on mutation rate and the strength of selection, is much less well understood [21] [22] [23] . Here, we study a computational model of a fitness landscape whose ruggedness can be tuned via a single parameter: the NK landscape model of Kauffman [24] [25] [26] . The model has several advantages compared to other computational fitness landscape models: it is simple enough that simulations can be carried out with high statistics, yet gives rise to a number of complex features of fitness landscapes that have made it the model of choice for a variety of investigations (see, e.g., [25, [27] [28] [29] [30] . As the landscape changes from smooth to rugged as K increases, more local peaks appear that can be seen as opportunities for progress while at the same time representing potential traps preventing further progress to the optimal fitness. Epistatic interactions between mutations enable the evolutionary process to take advantage of the new opportunities, and allows the population to escape potential traps by crossing fitness valleys effectively. Whenever a valley is entered because one or more deleterious mutations lower the fitness of the organism, that same genome can ascend a new peak via a beneficial mutation that is epistatic on the previous deleterious one. In such a case, that last mutation would not have been beneficial had it occurred on the background of the original genotype (prior to entering the valley), and it is thus epistatically interacting with the previous deleterious mutation(s). Interaction between mutations of this type has been observed in both real and simulated systems (see, e.g., [6, 10, 15, 21, [31] [32] [33] ), and occurs naturally within the NK model also.
As opposed to most work studying adaptation in the NK fitness landscape, we do not focus on population observables such as mean fitness, but rather study the line of descent in each population in order to characterize the sequence and distribution of mutations that have come to represent the evolutionary path. These mutations are not independent of each other in general, and paint a complex picture of adaptation that involves deleterious and beneficial mutations that are conditional on the presence of each other and other mutations on the genome, of valley crossings, compensatory mutations, and reversals. While a computational model cannot replace an investigation of the lines of descent of biological organisms, in the absence of this kind of detailed data such a model can yield precious insights into the dynamics of evolutionary adaptation.
Methods

NK model
The NK model of genetic interactions [24] [25] [26] is defined by circular, binary genomes of length N (encoding N loci), where each locus contributes to the fitness of the genome via an interaction with K other loci on that genome. For each of the N loci, we can create a lookup-table with random numbers between 0 and 1 (drawn from a uniform distribution) that represent the fitness contribution of a binary string of length K + 1. For example, the case K = 1 (interaction with one other locus) is modeled by creating random numbers for the four possible binary pairs 00,01,10,11 for each of the N loci, that is, the fitness contribution at one locus is conditional on the state of one other locus (usually an adjacent one). Because independent random numbers are drawn for the four different combinations, the fitness contribution of a locus to the overall fitness of the genome can change drastically depending on the state of the interacting locus. The case K = 0 (no interacting loci, and therefore vanishing epistasis) is the simplest. This choice gives rise to a smooth landscape with only a single peak that any search algorithm can locate in linear time, whereas increasing K makes the fitness of a locus dependent on that of K other loci, resulting in a rugged landscape with multiple local peaks. Here, we choose the fitness or each genotype to be the geometric mean of the values in the lookup-tables,
rather than the average, as is done traditionally [26] , but note that this distribution has been suggested before [34] . We modified the standard NK model in this manner in order to create a multiplicative fitness landscape. Such multiplicative landscapes are more realistic than their additive counterparts, and have previously been implemented in a slightly different form than we do here [30] . A multiplicative model also allows convenient introduction of lethal mutations by setting some of the fitness components in the lookuptables to zero, which would not be possible in an additive model. The model presented here, however, does not include lethal mutations. Note that "multiplicative" in this context does not imply the absence of epistasis, as it often does in the literature, but simply means that the fitness components are multiplied rather than added.
Simulation
We studied the effect of epistasis on adaptation by conducting evolutionary runs with different K (thus dialing epistasis) and a constant genome length N = 20, for different mutation rates at a constant population size of 5,000 individuals. In order to study adaptation, each evolutionary run was initiated with a random selection of genotypes of less than average fitness, akin to experiments with RNA viruses that are forced through bottlenecks [2, 35] , or are subject to environmental change [36] . The evolutionary dynamics of each run was similar in most cases: the population quickly adapts and situates itself near the top of a local peak, after which the population enters a period of stasis when exploration of the adjacent parts of the landscape does not turn up any more beneficial mutations (Fig. 1) . This protocol is different (in terms of adaptation) from experiments in which only deleterious effects of mutations are studied, and advantageous mutations are found to be rare [37] . Thus, in this work we study the transient period of adaptation as opposed to mutation-selection balance. The global peak of the landscape is generally not reached, except for the trivial case K = 0. Biasing the experiments by starting genomes with a fitness less than average serves to increase the length of the adaptive part of the trajectory, (see the section Adaptive sweeps below). An alternative protocol would have changed the random table periodically in order to extend the period of meaningful adaptation, but we refrained from this strategy because it may introduce complications due to the dynamic nature of the fitness landscape. With the protocol as described, we can observe an adaptive sweep within the first 2,000 updates of the population, which allows us to save computation time and increase the number of runs. At the end of a simulation we choose the fittest individual and trace its lineage back to the beginning of the simulation, thus defining the line of descent (LOD) (see Box Epistasis on the Line of Descent). We define the period of adaptation as beginning at update zero, and ending when the lineage first reaches the same fitness that it acquired at the end of the simulation. This definition has the effect of excluding from the analysis reversal mutations (i.e., mutations undoing previous mutations at the same locus) that occasionally occur once a fitness peak has been ascended. If we included reversals after the highest fitness is attained, both the number of deleterious substitutions and the amount of epistasis measured would be affected, even though they do not contribute to adaptation. How reversals affect the measure of epistasis is explained below.
We simulated the evolutionary process by randomly removing a fraction of the population every update (typically 10%), and replacing them with copies of a subset of the remainders, selected with probabilities proportional to individual fitness (akin to the Wright-Fisher model for haploid asexuals [38] , but with overlapping generations). Increasing this replacement rate corresponds to implementing more severe bottlenecks, similar to the varying bottleneck sizes in [2, 35] . In evolution experiments implemented in flow reactors (for example continuous culture experiments [39] ), the replacement rate is akin to the flow rate of the reactor.
For each mutation rate and for each K, we collected 200 independent evolutionary runs and extracted one LOD from each. In the figures below we report the average values across these 200 samples, and provide standard errors. The probability of each locus changing its binary value is set by a per-site mutation rate. While the average rate of mutation is fixed, the process itself is stochastic so that the distribution of the number of mutations per genome is Poisson-random with the given mean. We varied K from 0 (no interaction between neighboring loci) to 10, where each locus interacts with ten of its neighboring loci. Because the genomes are circular, for K = 10 all mutational pairs interact (100% of mutational pairs exhibit epistasis).
Epistasis
In a multiplicative landscape, two mutations (A and B) occurring on a genome with wild-type fitness W 0 are said to be independent if the fitness effect of the joint mutation equals the product of the fitness effect of each of the mutations alone. If the fitness effect of the double mutant is W AB /W 0 while the fitness effect of each of the single mutations is W A /W 0 and W B /W 0 respectively, then mutational independence implies (see illustration in Fig. 2 )
Epistasis is measured as the deviation from this equality, so that
is zero when the combined effect of the two mutations is the same as the product of the individual effects on fitness. This definition is equivalent to the usual quantitative definition of epistasis in a two-locus twoallele model [40] (but see [14] for a different definition) and transforms to the well-known additive definition of epistasis when the individual fitness effects are replaced by their logarithms (see, e.g., [41] ). Such a quantitative measure of epistasis was also used in assessing epistasis between mutations in experiments with E. coli bacteria [42] and digital organisms [43] . For organisms on the LOD of an evolutionary run, A and B refer to two mutations that need not be adjacent either on the LOD or on the genome. However, we restrict ourselves to studying the interaction between adjacent mutations on the LOD, so that if W AB is the fitness of the genome that has both mutations A and B, then the genome preceding this genome on the LOD has fitness W A . W B is found by reverting the first mutation, A, and measure the fitness of the genome carrying only the second mutation, B, something that is easily done within the NK model. The fitness of the wild-type is represented by the black baselines, and the heights of arrows represent the fitness after one mutation (W A or W B ) and after both mutations (W AB ). Green arrows mean that the joint effect on fitness of the two mutations is greater than expected if they were not interacting, corresponding to positive epistasis. Red arrows indicate that the joint effect on fitness is lower than expected, corresponding to negative epistasis. In panel (A) two independently beneficial mutations may have their joint effect increased or diminished (W AB larger or smaller), giving positive or negative epistasis, respectively. In panel (B) the independent effect of the two mutations is deleterious and beneficial, respectively, and the combined expected effect on fitness is deleterious. Positive epistasis is here shown to revert this effect, making the outcome beneficial for the organism (green arrow), and negative epistasis exacerbating the deleterious effect (red arrow). In (C) each mutation by itself is deleterious, but when they interact the result can be sign epistasis (green arrow). This is the outcome when crossing a valley in the fitness landscape. These figures illustrate an additive model, where the sum of W A and W B is equal to W AB without epistasis. In our multiplicative model this corresponds to taking the logarithms of the fitness, which are additive in a multiplicative landscape.
Reversal mutations, where mutation A is reversed in the next genome on the LOD, are a special case because W 0 is equal to W AB (B simply reverts A), and W A is equal to W B . As a consequence, ε is non-zero, which can be interpreted as meaning that the two mutations at the same locus interact epistatically. Thus, for K = 0 we expect a fraction of 1/N of all epistatic pairs in the entire population (as opposed to on the LOD) to have ε = 0 due to of reversals, as this is the probability to hit the same locus twice in a row.
Positive epistasis (ε > 0) results when the combined effect of two mutations leads to a higher fitness than the independent effect of each of the mutations by themselves (Fig. 2) . Similarly, if the fitness given both mutations is lower than what we would expect without epistasis, we talk of negative epistasis. These terms are preferable to other adjectives used in the description of epistasis in literature (such as "synergistic" and "antagonistic") because positive and negative is independent of whether the individual effects are deleterious or beneficial [14] (see Box Epistasis on the Line of Descent). This definition allows us to quantify the amount of epistasis between two consecutive mutations, but we stress that the second mutation really interacts with the entire genotype, which includes all the previous mutations on the LOD. Thus, we could in principle quantify the epistatic effect of a mutation with all previous mutations, and doing so would adjust the amount of epistasis. In this study we only measure epistasis between consecutive mutations, but we do see examples of non-consecutive mutations interacting, such as when a valley is crossed in more than one step (e.g., in Fig. 1A , K = 4).
Box 1: Epistasis on the Line of Descent
We are interested in what happens to the genomes of organisms as they adapt from an initial state of low fitness to the maximum fitness they can attain given their environment. We therefore choose to study only one individual lineage from its inception to the end of the simulation run. We do this by taking the most fit organism after a set number of simulation updates, and then track this individual's ancestry all the way back to the beginning of the simulation. We define this sequence of mutations as the line of descent (LOD), and discard all other data from that simulation. Our analysis of line-of-decent data thus focuses on what happens after positive selection has acted on the whole population. On the LOD, we can then compare consecutive mutations and calculate the degree of epistasis between them [see Eq. (3)]. Mutations on the LOD (also known as substitutions) can be characterized according to their sign of epistasis. Beneficial substitutions are designated B + or B − , depending on whether they interacted epistatically with the preceding substitution to form positive or negative epistasis, respectively. D + and D − similarly indicate deleterious substitutions with positive and negative epistasis. Alternatively, writing BB + indicates that both substitutions increased fitness, and that the second substitution had a larger effect on the background of the first. DB − denotes a deleterious followed by a beneficial substitution that did not increase fitness as much as it would have if the deleterious substitution had not occurred. Other terms have been used to describe epistasis, such as synergistic and antagonistic epistasis, and different methods of calculating epistasis has been applied (see [14] for a review). The table displays the relationship between positive/negative and synergistic/antagonistic epistasis for different mutational pairs. Positive (ε > 0) and negative (ε < 0) epistasis imply synergistic/antagonistic if the two mutations are both beneficial or both deleterious, but when the mutations are of opposite effect the meaning of synergy or antagony is unclear (dashes). 
Epistasis definitions DD
Adaptive sweeps
In evolution, environmental change drives organismal change. When the environment is stable over long periods of time, a population enters a period of stasis during which most of the organisms occupy a fitness peak [44] [45] [46] . At this point, any single point mutation is either deleterious or neutral, and genotypes carrying such mutations will either be removed by selection or chance, or will drift to fixation. However, when the environment changes, the organism's fitness can become suboptimal, and a gradual climb to the top of the nearest local peak begins [2, 11, 35] . During this adaptive sweep, those lineages that ascend the fastest will, on average, be the founders of the descending population. Thus, at this point it becomes a struggle within the population to be the lineage that makes the biggest strides in the fewest steps. We simulate this process by choosing, as the ancestral population, a sample of individuals with fitness in the lowest 50% of a randomly generated population where the genotypes of the individuals are uncorrelated. Because the starting sequences are uncorrelated, individual lineages may climb different peaks (except for K = 0, in which case there is only one peak), and the lineage that happens to climb the fastest will be most likely to outcompete the other organisms in the population. This protocol is similar in spirit to that used in [2, 35] , in which a population of Φ6 viruses was put through bottlenecks in order to study re-adaptation and the dynamics of adaptive sweeps.
Results
Epistatic pairs
The number of epistatic pairs on the LOD increases as we increase K, because there will be epistasis whenever two mutated loci are located within a distance of K. It is straightforward to calculate the fraction of all mutational pairs that will interact, given N , K, and µ, before the mutations are screened by selection and appear on the LOD. This calculation has to take into account more than one mutation hitting an organism per update, increasing the predicted number of epistatic pairs compared to the scenario where at most one mutation per update is the norm. In other words, we expect a higher fraction of pairs to be epistatic when the mutation rate is high compared to lower mutation rates, where two or more mutations per generation are unlikely. We computed this pre-selection prediction of the number of epistatic pairs numerically and compared it with those actually observed on the LOD.
We found that the fraction of epistatic pairs on the LOD differs significantly from the fraction available (the pre-selection prediction) when the mutation rate is high (µ = 10 −2 ), whereas for the lower mutation rate of µ = 10 −3 there is no significant difference between the frequency of selected pairs compared to those available (Fig. 3) . Thus, at a high mutation rate, mutational pairs that exhibit more epistasis are favored by selection, meaning that adaptation is more effective in the presence of epistasis. This higher fraction of epistatic pairs is a clear indication that epistasis is conducive to adaptation, that is, epistasis promotes evolvability [47] . On the contrary, for µ = 10 −4 selection favors less epistasis, indicating that at this low mutation rate the average effect of epistasis on evolutionary progress is detrimental, that is, epistasis works against evolvability at low mutation rates [48] .
At K = 0 most mutational pairs consist of two beneficial mutations that do not interact epistatically. The exception at high mutation rates (Fig. S1A ) is due to reversals mostly consisting of deleterious-beneficial pairs exhibiting positive epistasis (DB + ), with a small minority of beneficial-deleterious pairs exhibiting negative epistasis (BD − ) (reversals in the NK model necessarily result in one of those two types of pairs). At K > 0 the distribution of mutational pairs changes, because mutations at loci affecting the same fitness component become more frequent. All four types of epistatic mutations (B + , D + , B − , D − ) increase in frequency at the expense of mutations that do not interact epistatically. Overall, we observe that as we increase K, epistasis allows the population to use deleterious mutations to adapt more efficiently, as valleys are crossed to ascend higher fitness peaks, though this effect is severely diminished when the mutation rate is low (µN e < 1, where N e is the effective population size), because mutations go to fixation before any second mutation occurs (Fig. S1) . 
Epistasis
We introduce the mean cumulative epistasis per epistatic pair on the LOD,
where the sum runs over all the mutational pairs on the LOD, ε i is the epistasis of the ith pair [between mutation i + 1 and i on the LOD, given by Eq. (3)], and n is the number of pairs (one less than the number of mutations). This measure has an expectation value of zero if negatively and positively interacting pairs occur with equal likelihood, and with equal and opposite strength, on the LOD. We are studying the mean cumulative effect of epistasis per mutational pair in order to compare this measure across evolutionary runs that differ in the average number of mutations on the LOD. We find that the amount of epistasis on the LOD, calculated as the mean cumulative epistasis per pair, increases with K (Fig. 4) , even at the smallest mutation rate where epistasis is selected against (Fig. 3 ). Higher mutation rates result in more epistasis per mutation on the LOD than lower mutation rates, because lower mutation rates increase the waiting time for new mutations, making it harder for a lineage to cross a valley in the fitness landscape via a deleterious mutation. If a mutation is deleterious, the lineage that carries this mutation needs another mutation that at least restores fitness soon after, because the decreased fitness lowers the probability that the carrying organism spawns an offspring before it is removed. Because part of the population is removed at random every update, deleterious mutations decreasing fitness lower the chance that the organism can reproduce before being removed.
Fitness
As epistasis increases with K, the number of substitutions during adaptation decreases, while the fraction of deleterious substitutions is mostly unchanged between low and intermediate K (Fig. 5) . The origin of the . K opt , the point at which Ω is maximal, is larger for higher mutation rates. Colors and parameters as in Fig. 4 .
decrease in the number of substitutions is clear: for K = 0, mutations that increase fitness are not difficult to find because the landscape is smooth. More rugged landscapes confine the population to local peaks, and even though valleys can be crossed towards close higher fitness peaks, ultimately the ruggedness puts a stop to further adaptation [49] . Even though the number of substitutions decreases with K, adaptation is more efficient at intermediate K compared to lower K. Indeed, the attained fitness, Ω (the fitness of the best genotype at the end of a simulation run), increases with K up to intermediate values, which is consistent with results by Solow et al. [29] . The higher K, the more epistatic pairs are available, and the higher the mean epistasis on the LOD ε (Fig. 4) , which results in a monotonic relationship between the attained fitness and epistasis (Fig. 6B) .
That adaptation is more effective with fewer substitutions seems counterintuitive (but see [11] ), but is an effect achieved indirectly by epistasis. Pleiotropy, i.e., loci affecting more than one trait (where "trait" in the NK model is synonymous with "fitness component"), is one of the main assumptions behind the geometric model of Fisher [1], and appears to be common in nature [50, 51] . Pleiotropy is a consequence of epistasis in the NK model, which is symmetric in this respect: if K + 1 loci interact to determine one fitness component, then each locus affects K + 1 fitness components. Pleiotropy can thus result in a single mutation increasing K + 1 fitness components, leading to the same fitness increase with fewer mutations. With luck, one mutation will increase fitness in all or most of the K + 1 components that it affects, and despite this event becoming rarer as K increases, the relationship between fitness increase per substitution is a linear function of K (Fig. 7) indicating that each mutation on the LOD carries a "bigger punch" as epistasis increases. The correlation between the size of the benefit a mutation provides and its epistasis with other mutations, as evidenced by Fig. 7 , mirrors the observation of a correlation between directional epistasis and the deleterious effects of mutations seen in other computational studies of evolution [52] [53] [54] , as well as in protein evolution in vitro [55] , bacterial evolution [56] , and even viroids [57] . Because beneficial mutations are rare in most of these studies, a correlation between positive effects and epistasis could not be ascertained.
The attained fitness is maximal at K = 3 − 5, that is, adaptation is most effective with a moderate amount of epistasis (Fig. 6) . The observed decrease in attained fitness at high K is caused by longer waiting times to selective sweeps, as was shown in [10] , and by the structure of the NK landscape. As we increase K, the increased punch of single mutations is counterbalanced by the increasing ruggedness of the landscape, which makes it more likely that the population gets stuck on a suboptimal fitness peak, thereby lowering the average attained fitness of the population compared to lower K. The longer waiting times at high K are caused by the deeper valleys that have to be traversed to reach higher peaks. While for high K there are more peaks overall, which should make it easier for the population to locate adjacent peaks, the average height of those peaks is maximal at intermediate K, and at higher K the average peak height decreases [29] . This effect, combined with the deeper valleys, prevents the population from achieving a fitness comparable to that for intermediate K.
Deleterious substitutions
As mentioned above, among all consecutive mutational pairs we expect that a fraction of 1/N will interact epistatically for K = 0, while they will occur with higher frequency for higher K. However, as we have seen, a higher fraction of epistatic pairs does not increase the fraction of deleterious substitutions, δ, which remains largely constant with K (Fig. 5) .
In epistatic landscapes deleterious mutations are transformed, by subsequent mutations they interact with, into useful changes by facilitating valley crossing. The higher K, the more peaks there are in the landscape, which also increases the number of valleys that must be crossed during adaptation. As a result, the fraction of deleterious mutations that go to fixation due to hitchhiking (ε = 0) decreases with K (Fig. S1 ). At K = 0, epistasis is caused by reversals, and the reversing mutation usually follows closely after the deleterious mutation. At higher K the benefit of crossing valleys (DB + pairs) is the main driver of fixation of deleterious mutations.
Mutation rates
Varying the mutation rate does not qualitatively change the result that epistasis leads to fewer substitutions and more efficient adaptation. For all three mutation rates examined, the fitness initially increases with K, peaks at K = 3 − 5, and then slightly decreases. The attained fitness strongly depends on the mutation rate (Fig. 6) . At µ = 10 −2 a higher fitness is attained, and this value decreases monotonically as the mutation rate decreases. However, this effect is more prominent the higher K is. We found no significant effect of mutation rate on attained fitness for K = 0, where epistasis is absent, apart from reversals. The observed difference in attained fitness for K = 0 between mutation rates of µ = 10 −3 and µ = 10 −4 is due to the mutation rate-independent length of the runs: for µ = 10 −4 , the population had not finished its adaptive campaign, because we stopped the run before the population could settle on its achievable fitness. We verified that this difference was due to the length of the run by running a subset of the small mutation rate simulations for a hundred thousand updates (fifty times the standard length) and saw the difference in attained fitness disappear for K = 0, while it remains for higher K (data not shown). The difference in attained fitness between mutation rates at non-zero K is due to the populations' ability to cross valleys only when the waiting time for new mutations is shorter than the time to fixation. At higher mutation rates the population is able to cross the valleys to reach higher peaks for higher K. This effect on the ability to cross valleys also explains why attained fitness reaches its maximum at lower K for lower mutation rates, resulting in K opt ≈ 3 for µ = 10 −4 versus K opt ≈ 5 for µ = 10 −2 .
Replacement rates
The effect of varying the replacement rate is minimal. We confirmed this by comparing the distribution of selection coefficients for a low replacement rates of 1% with the distribution at the 10% replacement rate. We did not observe any significant influence of replacement rate on the selection coefficients (Fig. S3) . The attained fitness at 10% replacement rate was compared replacement rates of 1% and 90%, and we found that while 10% results in higher attained fitness, the difference is very small (Fig. S4) , and we conclude that our results overall are insensitive to the choice of replacement rate.
Discussion
We studied the interactions between mutations in an artificial fitness landscape in which the ruggedness is determined by a single parameter, K. We found that the more we allow for loci to interact by increasing K, the more consecutive mutations on the LOD interact, setting the stage for both faster adaptation as well as easier discovery of higher fitness peaks. Deleterious mutations can go to fixation via epistasis (along with hitchhiking), and the more rugged a landscape is the more common this mode of fixation becomes, and the more benefit an organism can derive from deleterious mutations. We found that when we increase the ruggedness of the landscape by raising K, several effects follow. First, epistasis (measured as the mean cumulative epistatic effect per mutation) increases as a function of K monotonically (Fig. 4) . Second, the number of substitutions on the LOD decreases, while the fraction of those substitutions that are deleterious remains constant (Fig. 5) . Fewer beneficial substitutions is usually thought to be an impediment to adaptation, but here we nevertheless observe a third effect, namely that the attained fitness increases with K (Fig. 6 ). This apparent paradox is resolved when we inspect the mean selection coefficient per mutation (Fig. 7) , which is a nearly linear function of K. We are thus led to conclude that epistasis affects the efficiency with which adaptation occurs, by using deleterious mutations as stepping stones to higher fitness peaks.
The more rugged an NK fitness landscape is, the faster adaptation happens, up to a point. Ruggedness is normally viewed as an impediment to adaptation, because the presence of valleys means that the organism has to suffer a decrease in fitness before it can gain a fitness advantage [10] . However, in the NK model, increased ruggedness not only translates into more peaks to ascend and more valleys to cross, but also increases both the fitness difference between the peaks and valleys (data not shown) and the average height of peaks. As the number of peaks increases with K, making it easier for a population to locate an adjacent peak, the fitness decrease that an organism must endure while traversing a valley becomes larger. This effect manifests itself in a higher fitness increase per mutation for higher K, but is also likely to play a role in impeding adaptation by making the valleys between peaks deeper. The distribution of single-mutation fitness effects becomes broader (Fig. S2) , allowing some mutations to increase the fitness of the organism by a factor of K + 1 compared to the K = 0 case. This is an effect of pleiotropy, which is inseparable from epistasis in the NK model. Further investigation into this distinction between epistasis and pleiotropy is important for the understanding of the dynamics of the NK model, as well as for the roles of epistasis and pleiotropy in adaptive evolution.
Relevance
While the NK model is clearly an abstract model of a fitness landscape, the number of interacting genes is comparable to viruses (e.g., HIV [58] with 15 proteins), or else to modular pathways whose function directly affects the fitness of the organism. Genomes with modular structure are common in living organisms [59] , and examples of modules with approximately 20 genes or proteins include fibrin blood clotting with 26 genes [60] and human mitochondria with 37 genes [61] . The modular composition of such structures ensures that selection can act on them without affecting other traits at the same time, and the breaking of pleiotropic constraints between modules coding for separate traits is thought to result in genomes with a high level of modular partitioning [47] .
The product of the per-site mutation rate and the effective population size, also known as the mutation supply rate, determines the mode of fixation. When this product is less than one, mutations usually go to fixation or are lost before the next mutation occurs. That does not mean that mutations cannot interact, but instead that deleterious mutations are unlikely to be incorporated into the genome, because all mutations must at least be neutral.
When the mutation supply rate is larger than one, mutations occur frequently enough that they can interact with each other before the first goes to fixation. On the contrary, at µ = 10 −4 the mutation supply rate is less than one, and mutations go to fixation separately, with the results that the fraction of deleterious substitutions is less than one percent. The relatively high mean of the deleterious selection coefficients at K = 0, s d = 4.3 · 10 −3 , could be due to occasional hitchhikers, but we note that probability of fixation of deleterious alleles has not been exhaustively explored [62, 63] .
The genomic mutation rates of riboviruses has been found to range between 0.13 and 1.15 with a median of 0.76 [64] . In comparison, for N = 20, the per-site mutation rates we have used correspond to genomic mutation rates of 0.002 to 0.2. These two ranges of mutation rates at least partly overlap. Because we remove almost half of the starting population and replace the removed with copies of the remaining organisms, the effective population size (N e ) is not 5,000, but closer to 2,500. The mutation supply rate, µN e , therefore ranges from 0.25 to 25 in our simulations. µN e per gene has been estimated to be approximately 1 in Drosophila [65] , and with N = 20 loci in our NK model this gives µN e = 20, which also falls within the range of mutation supply rates of 0.25-25 that we have investigated.
Controlling epistasis
In experiments with biological organisms, the fitness landscape is unknown, but can be explored piecemeal by measuring epistasis (see [14] for a review). Epistasis can be measured during adaptation, but because the landscape is given by the coupling of the environment and the genomes, the ruggedness of the landscape cannot be controlled, and only minor changes are feasible by changing the environment. In order to assess the influence of epistasis on the adaptive process, the general structure of the landscape needs to be varied in a controlled manner.
In the NK model the landscape is given at the outset of each experiment, and evolvability depends on the ruggedness of the landscape. While the amount of epistasis between specific pairs of mutations is predetermined by the landscape, we can compare evolution in landscapes of different degrees of ruggedness, in order to study the effects of epistasis on adaptation. As a consequence of the static nature of the NK fitness landscape, epistasis is not an entity that can be increased or decreased by the evolving organisms for their own benefit. The organisms evolves by optimizing their fitness with every mutation, and epistasis is thus a result of how evolution proceeds. However, given the mutation rate, organisms can benefit more or less from interacting mutations. The ruggedness, manifested as the distance between peaks and the depth of the valleys between them, together with the mutation rate determines how an organism can traverse the landscape. At low mutation rates the longer time between consecutive mutations prohibits crossing valleys, and epistatic interactions are limited to those between beneficial mutations only. With mutations happening at a rate high enough for consecutive mutations to go to fixation jointly, the epistatic nature of the fitness landscape can be utilized for a fitness benefit. The relationship between ruggedness and mutation rate thus determines if the organisms will be able exploit epistatic interactions between mutations, rather than being forced to avoid them. At high mutation rates, highly epistatic landscapes promote evolvability, while the opposite is true at low mutation rates.
Future
Here we have studied mutations interacting epistatically with their neighbors in time by only computing epistasis between consecutive mutations. However, mutations interact with the whole genome, and thus with all previous mutations. As a consequence, we are underestimating the amount of epistasis by not including the epistatic interaction of a mutation with all previous mutations. For example, two fitness peaks may be located three mutations away from each other, requiring two deleterious mutations to traverse the valley between them. The last beneficial mutation is dependent on both of the two deleterious mutations, and thus interacts epistatically with both. We expect that including all mutational pairs in the analysis will increase the measure of epistasis on the LOD, and further strengthen our conclusion that deleterious mutations provide a benefit to adaptation in epistatic landscapes at intermediate to high mutation rates.
In the model we studied here, the effects of epistasis and pleiotropy are inextricably linked, but in general can have different causes, as well as different effects on the distribution of peaks within the landscape. Because this distribution is key to the traversability of the landscape, an investigation of pleiotropy independently from epistasis, in an appropriately modified version of the NK model, will contribute to our understanding of adaptation and evolvability in realistic fitness landscapes. Figure S4 . Attained fitness for three replacement rates. Attained fitness as a function of K for three different replacement rates, 10% (blue), 1% (black), and 90% (magenta). The simulations with 1% replacement were run for 4,000 updates (twice the length of the other two), but have only 40 replicates (compared to 200 for 10% and 90%). All simulations were run with a mutation rate of µ = 10 −2 . Lines are drawn to guide the eye.
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